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Abstract: Accurate information about the available standing biomass on pastures is critical for the
adequate management of grazing and its promotion to farmers. In this paper, machine learning
models are developed to predict available biomass expressed as compressed sward height (CSH)
from readily accessible meteorological, optical (Sentinel-2) and radar satellite data (Sentinel-1). This
study assumed that combining heterogeneous data sources, data transformations and machine
learning methods would improve the robustness and the accuracy of the developed models. A
total of 72,795 records of CSH with a spatial positioning, collected in 2018 and 2019, were used and
aggregated according to a pixel-like pattern. The resulting dataset was split into a training one with
11,625 pixellated records and an independent validation one with 4952 pixellated records. The models
were trained with a 19-fold cross-validation. A wide range of performances was observed (with mean
root mean square error (RMSE) of cross-validation ranging from 22.84 mm of CSH to infinite-like
values), and the four best-performing models were a cubist, a glmnet, a neural network and a random
forest. These models had an RMSE of independent validation lower than 20 mm of CSH at the
pixel-level. To simulate the behavior of the model in a decision support system, performances at
the paddock level were also studied. These were computed according to two scenarios: either the
predictions were made at a sub-parcel level and then aggregated, or the data were aggregated at
the parcel level and the predictions were made for these aggregated data. The results obtained
in this study were more accurate than those found in the literature concerning pasture budgeting
and grassland biomass evaluation. The training of the 124 models resulting from the described
framework was part of the realization of a decision support system to help farmers in their daily
decision making.
Keywords: Sentinel-1; Sentinel-2; machine learning; pastures; compressed sward height
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1. Introduction
Grazed pasturelands play multiple roles in agroecosystems that can benefit the sus-
tainability of ruminant-based agriculture. This includes lower feeding costs [1], higher
animal welfare and lower occurrence of lameness and mastitis, and increased milk quality
compared to indoor feeding [2]. However, despite these advantages, Walloon intensive
dairy farmers increasingly turn away from grazing. This is because of the higher difficulty
of managing grazed pastures as their main feeding method, especially with a decreas-
ing workforce available on the farm and increases in herd sizes [3]. Indeed, due to the
high variability of plant growth with weather conditions, grazing management requires a
frequent assessment of the standing biomass available for animals to feed on. Tools like
decision support systems (DSS) could ease this management from the farmer’s perspec-
tive by providing an assessment of the standing biomass without having to travel to the
pasture. Such a DSS, based on the simulation of the behavior of a dairy farm practicing
rotational grazing, was for example developed by Cros et al. [4] and Amalero et al. [5] to
help farmers plan their activities. Other examples of DSS, like Pasture Growth Simulation
Using Smalltalk (PGSUS) [6,7] and PastureBase Ireland integrating the Moorepark St Gilles
grass growth model (MostGG) [8], focus on the assessment of available forage in pastures.
Both tools rely on reference field measurements used as inputs in mechanistic models. The
reference measurement method consists of the cutting and drying of forage samples to get
the actual dry biomass per area unit. This procedure was developed for researchers and
is time-consuming, destructive, expensive and never applied by farmers. Moreover, the
limited number of samples that can be taken strongly reduces the possibility of assessing
the spatial variability of the pastoral resource. Objectives other than biomass might also be
included in the DSS, such as leaf area index (LAI), real height or visual correspondence
to standards.
Several alternatives to this reference measurement have been proposed, such as
the indirect estimation of standing biomass [9–11] via the measurement of compressed
sward height (CSH) using a rising platemeter (RPM). The CSH readings can be converted
into biomass with varying levels of accuracy, depending on the structure of the assessed
vegetation [12]. While this method can provide a high number of estimates and also
spatialize the data if combined with a GPS sensor [13], it requires time to perform the
measurement on the pastures. It also requires consideration of the sampling pattern to
capture the spatial variability of height on a given pasture, MacAdam and Hunt [14]
recommends a “lazy W” sampling pattern while Gargiulo et al. [15] shows that for a
homogeneous pasture, the impact of the sampling pattern is negligible. In addition,
no consensus exists on which part of the biomass to consider. The CSH measurement
implicitly considers all standing biomass, while some scientists, like Wang et al. [16], advise
considering biomass above 1 cm. Others, like Hakl et al. [17] and Walloon farm advisers,
use a threshold of 4 cm, while Crémer [18] and Nakagami [19] bound the limit to 5 cm.
Other methods to assess standing biomass include the response of the sward canopy
to ultra-sonic [20–22] or electric [23,24] signals, ground-level photography analysis [25].
All the methods cited previously require attention to be paid to the size, number and
repartition of the sampling spots [26] in order to minimize sampling error. Aside from
these ground-based methods, the estimation of standing biomass has also been explored
through remote sensing from either satellite or airborne platforms (e.g., [27–29]). This
offers already-spatialized data and reduces the risk of sampling bias. However, other
constraints might appear, such as computation power requirements and the sensitivity of
unmanned aerial vehicles to flight autonomy, weather and regulatory constraints. In the
context of the current study, these constraints, together with the time-consuming aspect
of acquiring data with unmanned aerial vehicles (UAV) led to the choice of not using this
technology. However, it is worth mentioning that UAV based systems are at the core of
current researches establishing relationships between the biomass and remote sensed data
like digital surface/elevation models derived from aerial pictures (using structure from
Remote Sens. 2021, 13, 408 3 of 29
motion), LiDAR pointclouds acquisition and treatment, and spectral vegetation indices
data [11,30,31].
All these methods are part of a set of recent technological advancements that may help
grazing management to embrace the smart farming approaches relevant to this sector [32],
provided their adequate integration in DSS and a good level of acceptance by farmers.
The latter requires DSS to be based on information routinely available at a large scale and
at minimal cost. Moreover, it must be possible to improve the DSS in an iterative and
interactive process [33].
In order to address the challenge of providing a tool offering a rapid estimation of
pasture biomass under the above-mentioned constraints, the current study developed
an analysis method to predict CSH measured on pasture using readily available meteo-
rological data, space-borne synthetic-aperture radar (SAR) and optical imagery. Indeed,
despite CSH being an indirect measurement of biomass, RPM has been widely used and
benefits from widespread acceptance among farmers and pasture scientists (e.g., [7,9,34]).
Meteorological data have the advantage of being routinely available at the Walloon scale
(i.e., for all the Southern part of Belgium which is the area of interest in this study) and
provide insight into the key drivers of growth dynamics for various types of pasture plants
growth dynamics [35–37]. Such models are at the heart of most DSS (e.g., STICS [38] and
MostGG [39]).
Concerning the space-borne remote sensing data, a choice was made between all the
existing optical and SAR sensors according to their spatial, temporal and spectral resolution,
as well as their cost. The Sentinel-1 (S-1) and Sentinel-2 (S-2) constellations were chosen. S-1
was used for mowing event detection [40], LAI and above ground biomass estimation [16],
or to detect meadow phenology [41]. S-2 mission was used for biomass estimation [42,43]
or monitoring [44,45] or for LAI retrieval [46]. Some studies predicting standing biomass
in grasslands have already included analysis of both S-1 and S-2 data [41,47]. However,
they did not encompass any transformation of those signals, which might enhance some
properties, such as how NDVI highlights the presence of chlorophyll in the vegetation. Nor
did they test a wide range of machine learning (ML) methods that could catch different
parts of the information. The methods appearing most frequently in these studies are
multiple linear regression (lm), neural networks with or without recurrent layers, random
forests (rf) and cubist, alone or together (e.g., rf and lm were used to predict the quantity
and quality of grass swards in Alves et al. [48]). This study encompasses multiple variable
transformations and ML methods (amidst the wide range of methods highlighted in
Fernández-Delgado et al. [49] and in García et al. [50]) with the objective of extracting
more information on those signals. The framework described in this study aims to predict
biomass in Walloon pastures through the CSH proxy using more than 100 different ML
models, in order to provide a tool offering a rapid estimation of pasture biomass on the
basis of readily available meteorological data, SAR and optical imagery.
2. Materials and Methods
The structure of this section follows the workflow presented in Figure 1. The main
steps are the following: data acquisition and pre-processing, data fusion to a grid, separa-
tion of training and validation datasets, selection of the most informative variables, model
training and validation. The processing framework was made in R v3.6.2 using Rstudio IDE
v1.2.5033 [51,52]. The framework can be summarised according to the following equation:
CSH = f (time, weather, S1, S2).
2.1. Study Area
Data were acquired over three farming areas in the southern region of Belgium, as
shown in Figure 2, during two grazing seasons: from 5 May to 28 October 2018 and from
23 April to 20 September 2019. The three farms used rotational grazing of dairy cows. The
first (Farm A in Figure 2) was an experimental farm located in the Condroz region. The
second (Farm C in Figure 2) was a commercial farm located in the Famenne region. The
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third (Farm B in Figure 2) was also a commercial farm located in the Ardenne region. All
the monitored grasslands were permanent multispecific grasslands.
Figure 1. Framework developed in the study to process Sentinel-1, Sentinel-2 and meteorological data to predict standing
biomass in grazed pastures. The first steps are the pre-treatment and the (re-)sampling of the different dataset according to
the same reference grid. Then the datasets are merged to get a tabular dataset. Transformations of the variables are then
computed. Afterwards, machine learning models are trained and validated on distinct parts of the dataset. Based on the
results of the validation, the most promising models are determined.
2.2. Datasets
Compressed sward height
A total of 72,975 CSH records were acquired approximately weekly during the grazing
seasons of 2018 on Farm A (N = 13,753) and Farm C (N = 9309), and 2019 on Farm A
(N = 28,497) and Farm B (N = 21,416), using a Jenquip EC20G rising platemeter (NZ
Agriworks Ltd t/a Jenquip, New Zealand). The relationship between CSH and time was
integrated by considering two variables: the number of the month of the year (e.g., 1 for
January) and the day of the year (e.g., 1 for 01/01).
Meteorological data
The meteorological data used came from the meteorological station located on the
experimental farm. It consisted of the daily rainfall and the degree-day-18 (DD_18):
DD18 =
Tmax+Tmin
2 − 18, where Tmin and Tmax are the minimum and maximum temperature
of the day. This formulation of the degree-day variables is introduced in studies like the
ones of Moot et al. [53] and Balocchi et al. [54]. In some cases, the minimum and maximum
temperatures may have upper and lower threshold whose value depends on various factors
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including the ability of the plant to take water [55], family and photosynthetic pathways
(see the sensitivity of the Rubisco to temperature in Salvucci et al. [56] and Greco et al. [57]).
Given that the pastures are multispecific, it was chosen to ignore the threshold on minimum
and maximum temperatures and the base temperature of 18 ◦C was considered. In order to
take the historical succession of meteorological events into account, the meteorological data
were used in a cumulative way: the precipitation and the degree-day-18 were summed over
periods of 3, 7 and 15 days and a mean of both variables since the last CSH measurement
was also computed. Eight meteorological variables were thus considered in this study.
Figure 2. Location the studied farms in the agricultural areas of Belgium and their grazing parcels.
Sentinel-1 data
The S-1 mission offers SAR data in the C band (C-SAR) with a mode-dependent spatial
resolution of roughly 5m and a revisit frequency of approximately three days over the
studied area. It also has the advantage of providing data even in cloudy or night-time
conditions. The S-1 C-SAR data were acquired as level-1 GRD products with VV+VH
dual polarisation from the Copernicus Hub [58,59] through the use of a dedicated R
package: getSpatialData v0.0.4 [60]. The pre-processing was done in accordance with the
standardized framework described by Filipponi [61,62], based on the s1tbx toolbox [63]
from SNAP software v7.0.0. This gave products of roughly 5 m of spatial resolution, and
consisted of:
• applying a precise orbit file: the real and precise orbit file was computed after
the passage and is thus retrieved online to correct satellite position and velocity
in the metadata;
• removing thermal noise;
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• removing border noise: the artefacts at the image border were removed with the
following two parameters: “borderLimit = 500” and “trimThreshold = 50”;
• calibrating SAR backscatter: place to choose the output between σ0, γ0 and β0. The sec-
ond index is related to the first through the cosine of the reflection angle: γ0 = σ
0
cos (r) ,
with r being the reflection angle. The third one is described by equation: β0 = SERSrad
where SER represents the surface perpendicular to the beam, reflecting the totality of
the power of the signal in an isotropic way and Srad the surface of the pixel in radar
geometry [64]. As recommended by Rudant and Frison [64], only σ0 was considered
in this study because β0 is more suited for punctual targets and γ0 for dense forests;
• speckle filtering: the noise coming from the interference of reflected waves was
removed with a ‘Refined Lee filter’ with a filter size of 3x3.
• terrain correction: the correction was made using the Shuttle Radar Topography
mission data (SRTM 3sec);
• converting to decibel.
The S-1 data were represented in the dataset through two variables: σ0 of VV and
VH channels.
Sentinel-2 data
The S-2 mission was chosen for its 13 optical bands, including the three in the red-edge
spectral region. The resolution is band-dependent and is either 10 m, 20 m or 60 m with
a revisit frequency of approximately three days over the studied area. The S-2 data were
acquired as L2A-BOA/TOC (Level 2A corresponds to the reflectance at the bottom of the
atmosphere or top of canopy) products from the Copernicus Hub [58,59] through the use
of a dedicated R package: sen2r v1.3.3 [65]. Some tiles were only available as L1C-TOA
products. The pre-processing to transform them into L2A-BOA/TOC tiles was done with
the Sen2Cor toolbox [59] and managed by the sen2r package. The main steps behind this
transformation are precisely described in Mueller-Wilm [66] and are summarised as:
• scene classification based on band and band ratio values comparison to threshold into
12 classes: 0—No Data; 1—Saturated or defective; 2—Dark area pixels; 3—Shadows
of cloud; 4—Vegetation; 5—Not vegetated; 6—Water; 7—Unclassified; 8—Cloud
medium probability; 9—Cloud high probability; 10—Thin cirrus; 11—Snow;
• atmospheric correction, consisting of: retrieving the aerosol optical thickness and
water vapor, removing the cirrus and retrieving the impact of terrain to get BOA
reflectance. It was chosen to ignore the DEM impact;
• product formatting into JPEG2000.
Another processing step involved the resampling of the bands at the same resolution
and the fusion of the tiles per acquisition date. The sen2r package managed gdal v 3.0.2 [67]
for both operations. The resampling resolution was set to 10 m which was the smallest
resolution of S-2 images. The scene classification was also recorded. In order to avoid
major bias in reflectance measured, only tiles with less than 75% of clouds signaled in the
metadata were downloaded and processed. The S-2 data were represented into 12 variables
in the dataset (bands 1 to 12 without bands 9 and 10 and the scene classification layer).
The first band was included although it is supposed to be related only to atmospheric
correction. Its integration in the scope of studied variables aimed at detecting potential
artifacts related to the S2 pre-treatment.
2.3. Grid
A sub-division of the studied area was performed, as done by Higgins et al. [68]
and Lugassi et al. [69]. In Ruelle abd Delaby [70] and Ruelle et al. [8], a grid with a
resolution of 2 m was the best compromise between precision and speed of computation.
Here a resolution of 10 m was chosen, representing a compromise between the spatial
resolution of satellite images (it corresponded to the highest resolution of S-2 images) and
the conservation of the variability of the CSH dataset.
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The CSH records were first attributed to a pixel (i.e., a square unit of the grid) and
when there was more than one record for a pixel, the CSH median value was considered.
The S-1 and S-2 data were resampled using the same method (called “bilinear”): the pixel
of the satellite image containing the center of the grid pixel was identified, then the four
nearest satellite pixels were also identified, and a median value of these four neighboring
values were allocated to the grid pixel.
The resampling was made independently for the different datasets in order to offer
some modularity in the analysis. The R packages used for those operations were: data.table
v1.12.8 [71] and dplyr v0.8.3 [72] which allowed different management of the data frames;
sf v0.8-0 [73], sp v1.3-2 [74,75] and raster v3.0-7 [76] which allowed computation over
spatial data and future v1.16.0 [77] and future.apply v1.4.0 [78] which were used to make
the computation on parallel mode.
2.4. Fusion and Data Transformation
The fusion part consisted of gathering all the information in a single dataset with
all the variables as columns and records as rows. First the gathering of all the spatial
datasets was done according to their date of acquisition and pixel on the grid. In the case of
non-simultaneous acquisition, the nearest acquisition to the CSH measurement was chosen
within a 10-day time window. The second part consisted of attributing the meteorological
data. To each record was attributed the value of the corresponding date. The non-linear
relationship between the explanatory variables and the CSH may not be handled by all ML
methods. To bypass those possible restrictions, some data transformations were computed,
with some scaling when needed, and also integrated into the workflow:
• meteorological data: square (x2) and exponential (10
x
100 ) transformations were ap-
plied on the cumulative data to compute 16 transformed variables;
• S-1: the transformations applied on the 2 S-1 variables were: square (x2), exponential
(10x/10), inverse ( 1x ) and hyperbolic tangent (tanh
x
100 ). Eight transformed variables of
the S-1 dataset were added to the dataset;
• S-2: the transformation applied on the reflectance variables were: square (( x100 )
2),
cube (( x100 )
3), exponential (10
x





x), logarithm of base 10 (log10 x). A total of 77 transformed variables of
the S-2 dataset were included in the dataset
Besides these transformations applied to each variable independently, some calcu-
lations were made on pairs of variables. Indeed, spectral indices may emphasize some
particular spectral signatures [79]. This was taken into account in this study by integrat-
ing the 138 non-redundant vegetation indices, computed on the basis of the S-2 bands
according to the formulas on the website “the Index DataBase” [80], IDB [81]. A total of
249 indices were in fact developed in this list, but a comparison of each index highlighted
redundancies (same expression and different names). To avoid the introduction of mean-
ingless collinearity in the dataset, only the first index in order of appearance in the list
was used.
2.5. Split the Dataset
The total dataset had 16,577 records and 277 variables. Independence between the
training and validation datasets was ensured by splitting the dataset at the farm level:
Farms A and C were used to train the model, whilst Farm B was used to validate. The
training dataset thus had 11,625 records and the validation dataset 4952 records.
Potential outliers were highlighted by calculating the global H distance (GH) of those
records from the principal components explaining 99% of the data variability. The principal
component analysis (PCA) was performed with the FactomineR R package v2.1 [82].
Records with a GH value above 3 were considered with caution and records with a GH
value above 5 were considered potential outliers. However, no value was discarded.
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2.6. Variable Selection
As some of the ML methods explored in this study do not handle collinearity between
features well, like the generalized linear model and the other methods presented in Table 1,
a variable selection process was firstly performed, composed of three steps: (1) score
determination, (2) definition of breakpoints, and (3) variable selection.
The working hypothesis was that the probability of selecting a relevant feature is
higher if this one was considered as important by several ML algorithms. Thus, 12 models
resilient to collinearity were developed based on the parametrisation presented in Table 2
on the standardized training set with a 19-fold cross-validation (CV). The final models had
the lowest CV root mean square error (RMSEcv). Then, a variable importance ranking
was established for each model through the use of a function of caret R package v6.0-85:
VarImp() [83]. For each variable, the mean and median of their ranking in all models
were computed. In order to penalize variables with a high variability of ranking between
developed models, the statistical descriptors were standardized: the mean of the ranking
of each variable was divided by its standard deviation (meanstd) and its median by its
interquartile range (medianstd).
The variables were ordered according to their decreasing ranking score. Then, multiple
linear regressions were trained iteratively: initially, the most informative variable was used,
then the first and the second most informative, and so on until all variables were included.
For each regression, adjusted R-squared (R2adj) was computed, and its first derivative was
calculated starting from the second value by subtracting the previous value from the
actual. A rolling median filter with a window width of three records was applied to this
first derivative values to smooth the signal. The negative values corresponded to the
breakpoints. To prevent the occurrence of noise, only the first breakpoints were considered
in this study. For each breakpoint considered, the variables having a higher ranking than
that breakpoint were used to train models through a 19-fold cross-validation based on the
acquisition dates of CSH. The variables with a lower ranking were not taken into account.
2.7. Model Training
The training phase consisted of a 19-fold cross-validation based on the acquisition
dates of CSH on the standardized data. The selection of the best model was made according
to the lowest RMSEcv value. For each breakpoint considered, 31 ML methods, including
the 12 used in the variable selection process were explored, each resulting in one model.
Although some models failed to converge towards a reasonably performant and finite
solution within a decent timestep (one week), all models that managed to get a usable
expression were kept for further validation and analysis.
The use of the caret R package [83] facilitated the exploration of the “hyper-parameters”
of the ML algorithms explored in this study. Methods used in both variable selection and
training processes were presented in Table 2 and those only used during the training
process in Table 1.
2.8. Model Validation
The models that did not fail during the training process were tested on the independent
validation dataset. The indicators observed were the RMSE of validation (RMSEv), the
distribution of the validation predictions of CSH compared to the original distribution of
CSH, the distribution of the residuals (computed as the predicted value minus the actual
value) and the mean residual value per class of CSH with a class width of 5 mm of CSH.
The limits of the sampling tool were 0 and 250 mm of CSH. Predicted values beyond
these thresholds were brought back to the nearest class. This might have resulted in some
flooring and ceiling effects in the representation of the prediction and the residuals. A
perfect model would have a low RMSEv, show no difference between the distribution of
the actual and the predicted CSH, have a centered distribution of residuals and show no
relationship between residuals and actual CSH values.
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Table 1. Presentation of the machine learning algorithms explored during the training processes. The column ‘Abbreviation and references’ gathers the abbreviations used in the text,
corresponding to the name of the method in caret R package,and some articles using the methods in related fields.
Family Specificities HyperParameter Abbreviation and References
Generalized linear model (GLM)
gaussian link = c(identity, log, inverse)
glm [19]Gamma link = c(inverse, identity, log)poisson link = c(log, identity, sqrt)
inverse.gaussian link = (inverse, identity, log)
Generalized linear model
with penalisation (glmnet)
gaussian alpha = c(0.0001, 0.001, 0.005, 0.01, 0.05, 0.1:0.1:1) glmnetpoisson lambda = c(0.0001, 0.001, 0.005, 0.01, 0.05, 0.1:0.1:10)
Random forest (RF) mtry = 88 rf [16,48,84,85]
Cubist committees = c(1:10) cubist [86,87]neighbors = c(0:7)
Least Angle Regression
(LARS)
fraction = c(0, 0.1, 0.25, 0.5, 0.75, 1) lars
Neural Network (nnet) size = c(1:7) nnet [43,84,88–90]decay = c(0, 0.0001, 0.001, 0.01, 0.1:0.1:1)
Multiple linear regression lm [9,16,48,84,88]
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Table 2. Presentation of the machine learning algorithms explored in variable selection and training processes. The column ‘Abbreviation and references’ gathers the abbreviations used in
the text, corresponding to the name of the method in caret R package,and some articles using the methods in related fields.










Ridge lambda = c(0.0001, 0.001, 0.005, 0.01, 0.05:0.05:1, 2:1:10) ridge
Lasso fraction = c(0.0001, 0.001, 0.005, 0.01, 0.05:0.05:1) lasso
ElasticNet fraction = c(0.0001, 0.001, 0.005, 0.01, 0.05:0.05:1) enetlambda = c(0.0001, 0.001, 0.005, 0.01, 0.05:0.05:1, 2:1:10)
Principal Components
Regression (PCR)
ncomp = 1:15 pcr [79]
Partial Least Square
Regression (PLS-R)
ncomp = 1:15 pls [26,42,45,69]
Support Vector
Machine (SVM)
Linear kernel cost = c(0, 0.001, 0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2,5, 10, 20, 30, 50, 100) svmLinear2
Polynomial kernel
degree = c(1,2,3)
svmPoly [16,84]scale = 1
C = c(0, 0.001, 0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 5, 10, 20, 30, 50, 100)
Relevance Vector
Machine (RVM)
Linear kernel / rvmLinear [91]
Polynomial kernel degree = c(1,2,3) rvmPolyscale = 1
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The models developed and validated on the grid pixel basis described previously
were also tested on datasets aggregated at the paddock-level for each acquisition date.
Two combinations of aggregation and prediction were tested: either the prediction was
made on the pixel and then averaged at the paddock level, or the data were averaged at
the paddock level and then the prediction was computed. For the sake of completeness,
the combination of prediction and aggregation was tested on both the training and the
independent validation dataset. Only a summary of the residual prediction deviation
(RPD = sdRMSE ) is presented in this paper.
3. Results
3.1. Description of the Datasets
The distribution of CSH from the pixellated and aggregated points of view is sum-
marised for the calibration and validation dataset in Table 3, and the distribution for each
day of acquisition in Figure 3. Those results showed that the CSH measurements were not
normally distributed.
Table 3. Summary of the compressed sward height [mm] of both training and validation datasets. The aggregated lines
correspond to the mean compressed sward height (CSH) per parcel per acquisition date.
Dataset N Min. 1st Qu. Median Mean 3rd Qu. Max. sd
Whole 16,577 5.00 39.00 52.00 55.56 67.00 247.00 24.88
Training pixellated 11,625 5.00 39.00 53.00 56.66 69.50 247.00 26.69
Training aggregated 233 18.17 43.89 54.37 56.09 62.65 148.89 20.13
Validation pixellated 4952 13.00 40.00 49.00 52.96 62.00 194.00 19.75
Validation aggregated 117 38.44 45.22 50.91 52.22 57.67 87.34 9.90
Figure 3. Distribution of the CSH acquired during the farm walks on each recorded farming area following the day and
the year of acquisition, the day of the year equals one being the first of January. The error bars (whiskers) extend from
the upper/lower hinge of the box to the largest/smallest value within 1.5 times the interquartile range. The theoretical
frequency of acquisition was one acquisition a week. The data were aggregated through all the parcels of each farm.
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To reach 99% of cumulative percentage of variance, 41 principal components were
considered. The distribution of GH for the training and validation records was summarised
in Table 4. Records having a GH value higher than 5 represented less than 5% of each
dataset: 150 (1 %) and 197 (4 %) in the training and validation sets, respectively. The higher
number of outliers in the validation set is explained by the fact that the GH was calculated
from the calibration set. Therefore, this means that a certain part of the variability in
the data collected from Farm B was not totally covered. However, further investigations
revealed that there was no apparent relationship between GH and CSH. It means that no
subset of CSH occurs on a specific spot of the multidimensional space of components. A
representation of the distribution of the GH per sampling date (data not shown) showed
that there were more outliers for some recording dates. This could either reflect sampling
issues or artifacts in the satellite data. It was chosen to keep these records, given that there
is no certainty that these records are not linked to special meteorological events. Finally,
one of the S-2 surface coverage, corresponding to the classification “shadow of cloud”, was
represented only in the training dataset but no relationship between this classification and
the GH stood out.
Table 4. Summary of the global H distance (GH) of the training and validation datasets compared to
the training dataset. Values above five are considered as potential outliers.
Dataset Minimum First Quartile Median Mean Third Quartile Maximum
Training 0.11 0.31 0.48 1.00 0.85 283.13
Validation 0.12 0.47 0.69 2.35 1.38 1035.03
Figure 4 shows the two most informative axes of the PCA. These components together
explained 54.9% of the variability of the explanatory variables. Some faint grouping effects
of variables could be seen. A group was positively related to the first component, mainly
made up of raw and transformed S-2 indices. Another group was related positively to both
first and second components, mainly made of raw and transformed S-2 bands. A third
group was related negatively to the first and positively to the second component, mainly
made of raw and transformed S-2 bands. The large amount of S-2 related variables in the
datasets hid the position of the other variables. They spread well over the two-dimensional
space of Figure 4 although they seem to be more correlated with other components given
the length of their arrows. Based on these results, the integration of multiple data sources
seemed relevant as they bring different information. Moreover, the variables with a
transformation spread well on the two-dimensional space of the two first components
of the PCA although the variables with an inverse transformation seemed to be mainly
negatively correlated with the second axis (data not shown). The integration of multiple
variable transformations also appeared relevant. The proximity of some variables on the
graph in Figure 4 implied a possibly non-negligible redundancy. Therefore, the selection of
variables before the training of the models is critical.
3.2. Variable Selection
The correlation plot of variable rankings between the 11 models used to select features
is represented in Figure 5. Eleven models were represented, instead of 12, due to the
inability of the rvm with a linear kernel to converge within a decent time frame (one week).
There were high correlation values between the ranking obtained by the models used,
except for PLS.
The ranking scores for the 100 most-relevant variables were represented in Figure 6.
The vast majority of those variables came from the index database (IDB [80]) family. The 10
most relevant were:
• S2T.B06.10exp which corresponds to the exponential transformation of band 06 of S-2;
• S2T.B07.10exp which corresponds to the exponential transformation of band 07 of S-2;
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• S2T.B08.10exp which corresponds to the exponential transformation of band 08f of
S-2;
• IDB.032 known as Enhanced Vegetation Index;
• IDB.051 known as Hue;
• IDB.062 known as MCARI/MTVI2;
• IDB.071 known as mND680;
• IDB.221 known as Soil and Atmospherically Resistant Vegetation Index 2;
• CumT.DJ18.Last.10exp which corresponds to the exponential transformation of the
degree-day with a basis of 18 ◦C since the last CSH acquisition;
• S2T.B01.cube which corresponds to the cubic transformation of band 01 of S-2.
Figure 4. Variable position on the two first principal components for the calibration dataset. Trans-
formed variables were pooled with their corresponding raw ones.
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Figure 5. Correlation plot of the variable rankings between the different machine learning
methods used.
The number behind the point in the “IDB.XXX” represents the index in Henrich et al. [80].
Band 03, 04 and 05 of S-2 appeared in most indices. They corresponded respectively to
green, red and near infra-red domains, which are known to be related to actual biomass
(e.g., the NDVI ratio uses two of these bands). Another frequently appearing band was
the first one, related to atmospheric correction and aerosol scattering. This suggested that
there could be some residual effect of the pre-treatment concerning atmospheric condition.
Figure 6. Ranking score of the 100 most relevant variables distinguished according to the type of data (shape) and the
transformation applied (colour).
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The R2adj curve related to the multivariate linear models built from an increasing
number of variables (previously ranked on the basis of their score) is shown in Figure 7
with the breakpoints highlighted with vertical lines. The dot-dashed breakpoints are the
ones used in the analysis whilst the others (the plain lines) were left aside. The breakpoints
taken into account in this study were related to linear models, including 7, 47, 111, 122 and
160 variables.
Figure 7. Adjusted R-Squared curve trained on a cumulative number of variables sorted according to their ranking score.
The breakpoints are represented with vertical lines. The dot-dashed lines correspond to the breakpoints taken into account,
while the plain lines correspond to the other detected breakpoints.
3.3. Prediction of Compressed Sward Height (CSH)
From all subsets, approximately 50% of the 31 models run provided a RMSEcv lower
than 100 mm of CSH (Table 5). Some models did not converge or provided extreme
RMSEcv values. The models having RMSEcv values lower than 100 mm of CSH showed
a tendency to decrease median RMSEcv values with an increase in the number of input
variables. The minimum RMSEcv values were similar between subsets and lower than in
the literature [25]. Figure 8 highlights the most powerful models based on their RMSEcv
values. RF, cubist and enet models appeared to be highly repeatable between subsets. On
the other hand, other models like the glm, lm, svmLinear2, leapSeq, ridge and svmPoly
families showed a poor prediction ability.
Table 5. Cross-validation performances of machine learning models run on the selected subsets.
NbIn NbInf NbFail NbSup100 NbOK Min Mean Median Max sd
7 0 15 5 16 22.84 47.92 40.12 91.42 25.83
47 3 14 6 14 22.87 36.11 30.85 59.94 13.44
111 4 13 8 14 23.38 34.35 26.75 65.44 13.87
122 3 13 8 15 23.45 37.10 26.13 96.82 20.82
160 4 13 10 14 23.07 32.40 26.00 63.79 13.20
Note: NbIn: number of input variables; NbInf: number of models having a non-finite mean RMSEcv; NbFail:
number of models that failed to produce a usable expression; NbSup100: number of models having a mean
RMSEcv above 100mm of CSH; NbOK: number of models having a mean RMSEcv finite and below 100 mm
of CSH.
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Figure 8. Cross-validation root mean square error (RMSEcv) of the best-predicting models.
The prediction performances of the models were also assessed using an external
validation dataset. As observed for the cross-validation (Table 5), some models did not
provide realistic results (Table 6). The models with a validation RMSE lower than 100 mm
showed a smaller range of variation than the one observed for the cross-validation. The
minimum values of RMSE were also similar and confirm the potential interest of some
developed models. Figure 9 shows the models having the lowest RMSEv. As observed in
Figure 8, the rf, cubist and enet models seemed relevant as they had low RMSEv. Some
models gained in terms of prediction capability, like rvmPoly that did not appear in Table 5
but well in Table 6. The distribution of RMSEv between subsets was relatively similar,
except for the first subset. This could be related to a lack of information in the inputs of the
model. In other words, some models using seven variables could be under-fitted.
Table 6. Validation performances of models which converged during the cross-validation for all
selected subsets.
NbIn NbInf NbFail NbSup100 NbOK Min Mean Median Max sd
7 0 11 1 20 19.89 22.40 20.43 52.75 7.27
47 3 8 0 20 19.09 26.69 21.61 69.31 12.87
111 0 5 0 26 19.20 27.13 22.09 86.17 14.08
122 0 9 4 22 19.19 30.96 24.21 89.73 18.16
160 0 5 2 26 19.04 27.06 22.93 52.75 10.07
Note: NbIn: number of input variables; NbInf: number of models having a non-finite mean RMSEcv; NbFail:
number of models that failed to produce a usable expression; NbSup100: number of models having a mean
RMSEcv above 100mm of CSH; NbOK: number of models having a mean RMSEcv finite and below 100 mm
of CSH.
The best models should have low RMSEv and RMSEcv values, as well as a low
difference between them. The lower the difference, the better the model’s robustness.
Moreover, it is also important to have a distribution of the predicted values close to the
one observed on the original dataset. Figure 10 developed the distribution of the actual
CSH of the independent validation dataset and the CSH predicted by each model that
provided realistic solutions on this dataset (i.e., NbOK model in Table 6). None of the
models reproduced exactly the original distribution of the CSH. Two trends explained
this differentiation: some models tended to group the prediction around the median of
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the distribution, and some models showed some saturation effect, resulting in a large
amount of recording in the extreme classes. The cubist, nnet and rf methods and some
linear regressions with variable selection were the methods that provided the best-fitting
distribution curve. Some models provided extreme predictions.
Figure 9. Validation root mean square error (RMSEv) of the best models predicting compressed sward height (mm).
The residuals were approximately centered on 0. Most models had a non-normal
distribution of the residuals, given that their negative tail was often much larger than the
positive one. The distribution of the residuals, according to the original CSH revealed that
the most extreme residual values corresponded to CSH values near 50 mm of CSH for
some glm models. Moreover, a higher absolute value of the residuals could be observed in
the original CSH distribution extremes, meaning that all the information might not have
been taken into account.
3.4. Effect of the Pixellation/Aggregation of Data
Beyond the pixel-base performances, the behavior of the models at the paddock scale
was also assessed as the biomass that accounts for feed budgeting spread all over the
parcel on which cattle graze. The RMSE of the training aggregated and of the validation
aggregated dataset are summarised in Table 7. The lower threshold of around 19 mm of
CSH that could be observed previously was completely blown up by the aggregation, with
RMSE values reaching almost 4 mm of CSH in some cases. Unlike in the pixel analysis,
the improvement of the quality indicators did not stand out for the validation dataset
compared to the training one, although the RMSE was globally lower for the validation
dataset. Two approaches were adopted in this table: on the one hand, the prediction was
made solely on the parcel-scale aggregated data, and on the other hand, the prediction was
made at the pixel level and then aggregated at the parcel-level. The first approach delivered
better results for the calibration and the second for the independent validation dataset.
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Figure 10. Distribution of the original and predicted CSH values. All models that managed to provide a usable expression
were used to predict CSH (mm) on the independent validation dataset. The y-axis was divided into parts of 5 mm and for
each part the number of records were counted. To ease the representation, the number of observations was transformed into
its logarithm of base 10.
The RMSE decrease observed in Table 7 when the prediction was made on the pixel
basis and then aggregated could be explained based on two different points of view. First,
the variance of the reference datasets differed depending on the order of the prediction
and aggregation. Secondly, a more materialistic explanation is the compensation of the
sampling errors and the localization of the sampling: the GPS integrated to the RPM used
did not have high precision, leading to positioning errors in the pixels. With the training
data being comprised of medians of the records in each pixel, some records may have
slipped from one pixel to another changing the value attributed to the pixel. The gathering
of the information per parcel seemed to have erased a part of the error created. The effect
of the difference in variance was taken into account by considering RPD.
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Table 7. Summary of the RMSE [mm] of the models on the CSH data aggregated at the parcel level. The difference between
“Training aggregated” and “Aggregated training” was that the first case corresponded to a prediction on the aggregated
training dataset and the second to an aggregation of the prediction made on the training dataset at a pixel scale. The same
goes for the validation items.
Dataset NbOK NbFail NbSup100 Min Mean Median Max sd
Training aggregated 121 3 0 9.16 17.68 16.17 55.79 8.70
Aggregated training 120 3 1 26.55 31.90 30.68 89.12 8.79
Validation aggregated 121 3 0 4.02 11.74 9.44 49.22 9.17
Aggregated validation 117 3 4 19.52 24.30 22.53 68.90 7.82
A study of the prediction and the residuals similar to the one described above was
performed on the validation dataset. The aggregation at the parcel-scale occurred after
the prediction on the pixel. In general, the aggregation resulted in deleting the most
extreme values and a linearisation of the distribution of the predictions. However, multiple
behaviors could be distinguished. First, some models narrowed the scope of the response,
others drifted this range, and finally, a few broadened the values explored. The distribution
of the residuals tended to be centered on 0, although some models drifted completely like
before. No obvious relationship appeared between the residuals and the predicted CSH
except for the models that already showed a tendency to drift.
3.5. Best Performing Models
The models that performed the best, i.e., having a low RMSE of independent validation
are shown in Table 8. It summarises the main statistical parameters of the 20 models having
the lowest RMSE of independent validation on the pixellated dataset: the family, the
number of input variables, the RMSEcv and RMSEv, and residual prediction deviation on
the two possible aggregations (pre- and post-prediction) for both training and validation
datasets. A svmLinear reached the highest RPD for the training phase, an enet model for
the independent validation, and a cubist model stood out regarding all the aggregations
together. Concerning the effect of aggregation, the RPD was globally higher for the models
aggregated pre-prediction on the training dataset. This, as well as the high number of
negative differences of RPD for the training dataset, suggested that the aggregation at the
parcel-scale before prediction was the most relevant method. The RPD difference related to
the validation dataset implied the opposite, which matches the results of Table 7.
The correlation values between the predictions of the models on the validation pixel-
lated dataset are represented in Figure 11. As Figure 10 suggested, the predictions of the
various models were not similar, as correlation values were low. However, some models
showed high correlations within the same method like rf, nnet and pcr or out of the family,
such as rf’s, nnet’s, glmnet, and cubist. Conversely, some models of the same family with
quite similar RPD values in Table 8 had correlations close to zero.
Other quality indicators were also studied for some of these models: for each method,
only the model with the lowest RMSE was kept. Figure 12 represents the distribution of
the original independent pixellated validation dataset and the prediction made on this
dataset. It appeared that most models did shrink the range of values adopted, although
some extreme values appeared. From this graph, the cubist and rf models were the models
most capable of reproducing the original distribution of predicted values, closely followed
by a glmnet based on a gaussian family and nnet models.
The erasure of the tails of the distribution of the predictions could be considered
either as noise filtering or a loss of information. If this was a loss of information, it might
complicate future detections of extreme cases. The subject noise filtering should be treated
with caution. It could be interesting to recall that the parcels were divided into pixels of
10 m of resolution and the value associated with each pixel was the median of the values
recorded in its range. A filtering step had thus already been applied. However, the amount
of CSH recordings for each pixel was not constant. It implies that the filtering was not
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made equally. Some extreme values may have thus come through this filtering. Another
factor in the noise filtering/erasure of the tails of the distribution of the prediction is the
imbalance of the class used to train the model: the cross-validation occurred based on
the date of acquisition, and no restriction had been set on the number of values in each
sub-class of CSH which resulted in a training of the models that could have promoted
central values. The application of some down-sampling techniques could be relevant to
enlarge the scope of predictions.
Another point related to the distribution of the residuals was the trend to over- or
under-estimate the actual value. The distribution of the residuals showed no clear trend:
the center of gravity seemed to be positive, and the tail made of the negative values seemed
to be more important than the one made of positive values of residuals. Table 9 summarises
the percentage of positive and negative values for each model. The models tended to
produce positive residuals, which meant that the predictions were globally higher than
the actual value, except for the glmnet and cubist models. This indicated that there was
a global over-estimation. However, this trend was not that pronounced for cubist and
pls models.
Table 8. Description of the main features of the best-performing models from the RMSE of validation on pixellated
independent validation point of view.
Method NbVar RPDcv RPDiv RPDta RPDat dRPDt RPDva RPDav dRPDv
rf 160 0.88 0.98 0.78 0.92 0.14 1.00 0.88 −0.12
nnet 47 0.90 0.98 0.56 0.80 0.24 0.40 0.78 0.38
rf 47 0.86 0.99 0.99 0.86 −0.13 0.43 0.80 0.37
rf 122 0.88 0.99 1.21 0.84 −0.37 0.36 0.85 0.49
rf 111 0.88 0.99 1.04 0.95 −0.09 0.74 0.96 0.22
lasso 47 2.19 1.00 0.68 0.79 0.11 0.97 0.89 −0.08
pcr 160 1.20 1.01 1.18 0.00 −1.18 0.54 0.28 −0.26
ridge 47 2.26 1.01 1.02 1.00 −0.02 0.86 0.98 0.12
pls 47 1.20 1.01 1.06 0.85 −0.21 0.37 0.00 −0.37
nnet 111 0.90 1.02 0.45 0.83 0.38 0.41 0.81 0.40
svmPoly 7 1.94 1.02 1.23 0.95 −0.28 0.54 0.88 0.34
svmLinear2 7 2.54 1.02 1.32 0.85 −0.47 0.64 0.79 0.15
pcr 111 0.91 1.02 1.26 0.85 −0.41 0.34 0.86 0.52
pcr 122 0.97 1.02 1.09 0.86 −0.23 0.43 0.73 0.30
pcr 47 1.01 1.03 1.14 0.86 −0.28 0.39 0.80 0.41
nnet 7 0.86 1.03 0.69 0.71 0.02 0.39 0.00 −0.39
cubist 160 0.93 1.03 1.50 0.86 −0.64 0.74 0.96 0.22
glmnet 160 0.87 1.03 1.16 0.87 −0.29 0.51 0.83 0.32
enet 111 0.95 1.03 1.02 1.00 −0.02 0.86 0.98 0.12
enet 47 0.98 1.03 1.02 1.00 −0.02 0.86 0.98 0.12
Note: NbVar: total number of variables; RPDcv: RPD of the 19-fold cross-validation; RPDiv: RPD of validation on the independent
validation dataset; RPDta: RPD of validation on the aggregated training dataset; RPDat: RPD of validation on the training dataset
aggregated post-prediction; dRPDt: difference of RPD on the training dataset when an aggregation occurs; RPDva: RPD of validation on
the aggregated validation dataset; RPDav: RPD of validation on the validation dataset aggregated post-prediction; dRPDv: difference of
RPD on the validation dataset when an aggregation occurs.
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Figure 11. Correlations of the predictions of the 20 best models on the basis of the RMSE of independent validation.
The analysis of the indicators of the quality of prediction and residuals at a pixel-scale
with a 10 m resolution led to the selection of four best models for predicting CSH: the
cubist model using 160 variables, the glmnet model of the gaussian family based on 160
variables, the rf model based on 160 variables and the nnet model based on 47 variables.
Table 9. Percentage of positive (%>0) and negative (%<0) residuals values for each model tested.
Category cubist enet glmnet lasso nnet pcr pls rf ridge svmPoly svmLinear2
%>0 52.6 65.5 49.3 60.4 64.6 60.5 55.9 58.1 56.7 57.4 57.4
%<0 47.4 34.5 50.7 39.6 35.4 39.5 44.1 41.9 43.3 42.6 42.6
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Figure 12. Distribution of the original and predicted CSH values of the independent pixellated validation dataset for the 11
best models, one per method. Each set of predictions of the models occupied a spot on the x-axis and the original pixellated
validation dataset was on the left. The order of the models was the following: cubist, enet, glmnet, lasso, nnet, pcr, pls, rf,
ridge, svmPoly, svmLinear2. The vertical axis corresponds to the CSH distribution: the axis was divided into parts of 5mm
of CSH and for each part the number of records was counted.
4. Discussion
The main objective of this work was to predict grass biomass in pastures on the basis
of merged heterogeneous data sources of information, multiple variable transformations
and a broad scope of ML methods.
The first adaptation was the use of CSH measurements instead of real grass biomass.
The acceptance of this proxy (CSH) in the scientific community [24,68,92,93] and the ease of
acquiring these data were two of the reasons that led to this choice. Although it could have
been possible to convert the CSH records to biomass with an equation provided for similar
sward species and meteorological conditions by the manufacturer of the rising platemeter,
the conversion was not made in order to prevent any interference with cut height. The
experimental farm had records of biomass and linked differences of CSH before and after
cutting since 2015. Linear regressions were trained on this basis with multiple combinations
of scenarios: the fixation or not of the intercept, the determination of the model for each
parcel sampled or all of them, the use of dry or raw biomass (data not shown). Some
seasonal trends stood out but no consistency in the coefficient could be observed within
this dataset (the values of the regression coefficient ranged from 50 to 1500 for CSH
expressed in millimeters), nor with the equations provided by the seller (the pool of linear
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regression coefficient for the dry biomass was distributed around 150). Cudlin et al. [10]
also faced a high variability in regression coefficient and intercept values. However, they
had more observations of biomass and CSH combined—at least 24 for each regression
compared to at best 10 records for each parcel for each period of the year in the case of the
experimental farm. This means they could rely on their few significant relationships whilst
the regression computed for the experimental farm was not resilient. Hakl et al. [17] also
had results showing varying reliability and significance. The combination of these studies
showed the sensitivity of the conversion from CSH to biomass, probably due to the floristic
composition and, together with Ferraro et al. [94], their results underlined this sensibility
to a seasonal effect whose expression might be more or less mitigated depending on the
year and the location. Another aspect that could have been considered was the direct use
of the biomass records mentioned before. However, they were acquired at a low frequency
(approximately 49 days) and the bands mown to get this data were too small to occupy a
full pixel scale. This means that the signal would have been noisy and blurred and the total
amount of records would have been 239 since 2015, with some records acquired before
the launch of S-2 satellites. The use of CSH measurements as the observed variable was
also motivated by the ease of visualizing this data for farmers. Crémer [18] uses another
meaningful example in his advice to farmers: the height of the grass compared to the ankle
position on a boot.
Nakagami (2016) and Cimbelli and Vitale (2017) had similar trends in the distribution
of the heights: namely, a non-normal distribution with a lower threshold and a peak near
the small values, although this was less pronounced in their data. This might be related to
pasture management practices in Wallonia. To allow for optimal quality in the consumed
herbage grazing management should aim to maintain a tight sward where perennial species
dominate and have no time to flower and reproduce in a vegetative manner. Applying
such management obviously has an impact on the lower representation of flower and seed
heads of higher height in the database.
Multiple sources of information were integrated into this work. The faint grouping
effect of variables seen in the representation of the variables on the two first principal
components (Figure 4) confirmed the non-redundancy of the information brought by the
different groups of variables studied and their transformations. Another aspect that proved
the relevance of integrating all these variables is the appearance of each group of variables,
with or without transformation, at the beginning of the ranking of variables (Figure 6). S-2
ranked first then meteorological data followed by S-1 from the 50th onwards. Although a
seasonal effect was observed in the attempts at conversion from CSH to actual biomass,
the time markers inserted within the dataset did not seem to bring that much information
given that the first appearance is in the 131st place. The use of one unique dataset of
meteorological data could have led to the under-training of the models concerning these
variables. The implementation of a spatialized meteorological dataset is considered. The
use of the first band of S-2 data and its rather higher position in the variable ranking indicate
that there could be some kind of artifact/residual effect due to the pre-processing chain.
The sources of information mentioned above were integrated into their raw and
transformed forms. The relevance of this integration was confirmed in the representation
of the variables according to their decreasing ranking score (Figure 6). The “amplifying”
transformations, i.e., cubic, exponential and square and the combinations of bands of
S-2 data were the most represented at the beginning of the ranking, although the other
transformations also appeared, albeit less often. This means that the data transformations
highlighted parts of the information.
Multiple ML methods were trained on the dataset based on the hypothesis that some
features used in the modeling could handle collinearity differently and detect different
parts of information. The methods that could handle collinearity were used in the variable
selection. It appeared that all of them, apart from the PLS, detected the same order of
importance of the variables which was translated by the high Spearman correlation of the
rankings. Although this high level of similarity could ensure the validity of the models,
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the dependence of the residuals on the original CSH slightly detected on the validation
dataset indicated that all the information explaining CSH was not completely taken into
account. The most promising models were a cubist, a glmnet of the gaussian family, a rf
and a nnet models based on S-1, S-2 and meteorological data. While we could not find
any article using glmnet in the literature, random forest, cubist and neural networks were
related to spectral enhancement and prediction of other target variables, like leaf area index
(LAI) [48,84–90,95]. However, they were never used to predict biomass or CSH on pastures
with S-1 and S-2 datasets.
The hypothesis of pixellation of CSH data made at the beginning of this work was
possible thanks to the geolocation linked to the measurements on the pastures. The
objective of this fractionation of the study area was to increase the number of records
that could be used during the training of the ML models, while limiting noise due to
the allocation of different CSH for the same set of combinations of satellite variables. To
enable posterior comparisons, the metrics of quality were computed both at the pixel scale
and the parcel scale for the models developed at the pixel scale. This revealed that with
and without aggregation, and whatever the aggregation method, the best-fitted models
achieved better performances than the 29 mm RMSE shown by Cimbelli and Vitale [25].
They were the only ones to provide similar metrics in a similar context, although their
height corresponded to the mean height computed on a picture instead of a CSH. The
pixellation and aggregation processes acted as a partial filter concerning extreme values:
the pixellation led to the erasure of the most extreme values for some pixels with the
median filter, and the aggregation did the same with a mean filter.
One way to increase the size of the dataset could have been to create a continuum of
CSH values within the parcels by using a kriging-like technique. However, this would
mean that each record of CSH used would not have been completely independent from
the others, given that a huge part of them would have been created as a combination
of other measurements. Other types of gap-filling techniques were omitted due to their
inherent complexity: sets of records on cloudy days were discarded because they made
the use of S-2 data meaningless. A way to avoid this decrease in the dataset size would
have been to use tiles acquired on the nearest dates and interpolate the values for each
pixel. However, this would have required that the pastures would have witnessed no
change in their management or condition: no removal nor addition of cows, nor any other
operation like fertilization or mowing. Another obstacle to this process is the long-term
archiving policy of ESA which complexified the acquisition of all relevant tiles, especially
for the oldest ones. A similar problem of continuity in practices was dealt with using an
approximation: the CSH data were not acquired exactly at the same time as S-1 and S-2
data. In this case, the closest tile in time was used, assuming that the frequency of satellite
data acquisition is high enough to avoid major changes in pasture condition.
The future application of the models will be their integration within a DSS for the
use of Walloon farmers. The objective will be to provide the farmers with information
regarding the quantity of feed available on pastures. This means that the aggregated value
of the predictions at the pixel-scale will probably be used. Filtering of extreme values
would reveal useful for this assessment but the information about the refusals will be
lost. The global over- and underestimation trend shown in Table 9 should be inserted
in the DSS and treated with caution: an imprecision inherent to the sampling method
using the rising platemeter has to be kept in mind. That is, it measures heights with a
count of clicks on a ratchet and then converts this to CSH. The conversion is a source of
error, and McSweeney et al. [34] warn that this type of platemeter often under-estimates
actual CSH height. Another source of the unreliability of the developed models is the
lack of diversity in the farms that were used and more importantlyin the diversity of
pasture botanical composition, soil types, fertility and management practices. The use
of a completely independent validation dataset offsets this bias and imitated the future
behavior of the models on other farms.
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5. Conclusions
The main objective of this work was to test the following hypothesis: the use of various
sources of information and multiple transformations of these data as inputs for a broad
range of machine learning methods may improve predictions of CSH in pastures. The com-
bination of sources of information, data transformations, and multiple machine learning
methods allowed the development of more precise models than previously described in
the literature. Four models stood out: a cubist, a glmnet, a neural network and a random
forest-based model. They were all based on Sentinel-1 sigma nought, Sentinel-2 reflectance
and meteorological data. Their RMSE of independent validation was around 19 mm of
CSH at the pixel-level. To better train the models, more records will be gathered in the
years to come, in Wallonia and possibly internationally. The models trained through this
framework will be used to establish a tool to help farmers in their daily decision making.
It is also planned to enable prediction at a larger scale, include an extreme case detection
in the predictions and sampling the places where the extreme cases did occur to increase
the resilience of the models. Moreover, for both the DSS and large scale prediction, a
combination of the outputs is considered, given that the similarity of distribution does not
reflect the different repartitions of the predictions.
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